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How does one weekend’s movie attendance affect the next? 
 
Abstract 
 
In this paper, I attempted to determine the relationship between a movie’s box 
office success and the immediate timing of its release. Considering the large 
investment that needs to be made in producing and distributing a major motion 
picture, a full understanding of the factors that affect its success is vital. One 
factor that has been historically underexplored is the impact of movies that are 
directly competing with each other at the box office. This has been due to 
limitations in data. However, using publicly available data I was able to put 
together a dataset that looked at box office results at the movie-weekend level. 
Using this I constructed two models. The first takes a broad historical approach, 
using a prior weekend’s attendance numbers as an approximation of viewer 
fatigue. The second uses specific instances of a trend break (the release of top 
grossing movie of the year) to look for a level effect on both new movies entering 
the market and box office returns in general. Results of the study suggest that a 
movie’s opening weekend is not strongly dependent on the immediate box office, 
in both a general sense and in response to a blockbuster movie. Instead, we see 
adverse effects on those already in the market after a blockbuster’s release relative 
to other circumstances. I interpreted these results in their application to market 
timing.  
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I. INTRODUCTION 
This paper intends to explore the impact of the immediate box office 
climate on a movie’s expected returns. The profitability of a movie depends on a 
variety of inputs and for this reason no model has been able to accurately isolate 
which factors directly and exclusively contribute to a movie’s success. It is my 
contention that a stronger model of box office returns could be developed when 
including the relevant market conditions that are at play in this highly competitive 
industry.  
There are several motivations for this study. A movie’s release date is 
considered one of the toughest choices a movie distributor makes, so any model 
that aids in this decision would be advantageous (Radas and Shugan 1998). 
Release dates affect profitability, and declining DVD sales and the rise of 3D 
technology have placed a renewed focus on box office returns as a key piece of a 
studio’s earnings. According to the MPAA, in 2007 the average cost of producing 
and releasing a major studio film was roughly $100 million. Considering the 
inherent amount of risk and large initial investment required for this production 
process, the development of an accurate predictive model would be valuable for 
decision-makers in the film industry. Additionally, recent interest in a futures 
market based on box office results makes a predictive model more relevant to 
those outside the industry. 
Previous literature on the subject of the movie returns, while strong, is 
incomplete. Typically, movies are looked at in an isolated context in comparison 
to specific determining factors. Some examples include factors directly controlled 
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by producers, such as the budget (Prag and Cassavant 1994) and choice of 
director and star power (Litman and Ahn 1998). Others look beyond the studio’s 
control to consider outside influences like critical reception’s effect on the long 
run performance of a motion picture (Eliashberg and Shugan 1997). Consistent in 
all of these papers was the sentiment that while these factors were partially 
predictive of success, none were shown to be the primary determinant of strong 
box office performance.  
Papers that have attempted to look at the timing of releases do so in an 
incomplete context, albeit partly due to limits in available data.  A 1998 paper by 
Kreider and Weinberg argues that studios choose release dates to avoid direct 
competition with other strong releases. However, their argument focuses on the 
marketing decisions related to release date choice, and their model is mostly 
theoretical using just one summer to prove their argument. The only strictly 
empirical study encountered on the subject of movie market timing (Moul 2004) 
showed that there remained a significant boost from releasing a movie on a 
summer or holiday weekend, even after controlling for the issue that the ‘best’ 
movies (that is, those with the highest expectations) are usually released in these 
windows. This paper also has data limitations (using returns from just 1992) and 
explored the issue of timing as part of a larger model, rather than on its own 
merits.  
The approach we take in this paper to address the question is two-fold. I 
begin by looking at general box office results, employing data observed at the 
movie-weekend level so that for every movie there are multiple observations 
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depending on how long it ran in theaters. The data covers the last 27 years. The 
model employed here attempts to show a relationship between a weekend’s total 
movie attendance and the attendance of a new movie opening the following 
weekend. It includes no factors that are linked to the quality of the movie itself, 
which while clearly unrealistic as a complete model, is vital to showing the 
potential merits of focusing on the competition.  
In this case, we are looking for some sort of ‘viewer fatigue’ effect – a 
consistent negative relationship between the two weekends, so that a new movie’s 
opening would be lower the more successful the prior weekend’s performance. 
However, as part of the theory, we would also expect to see the reverse case, i.e 
that moviegoers are eager to return to theaters and see new releases at a higher 
rate after a slower weekend.  
After taking this approach, it became clear that exploration needed to be 
taken utilizing more separating conditions. We chose to use the example of a 
trend break to incorporate a sharply pronounced change. The conditions selected 
use the weekends surrounding an individual movie’s release, and attempts to 
measure both the level effect and strength of recovery after that movie for both 
new releases and all competing movies in the top 10. Trend breaks could be seen 
in varying degrees around the openings of the highest grossing movie of the year 
(from this point referred to as the year’s ‘blockbuster’) and the tenth highest 
grossing movie of the year, so the study focuses on these weekends for this 
model. It uses both a short term ten-week and long term twenty-week time 
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horizon before and after the release to make sure the full effect of these movies is 
measured.  
In this case, we are looking for an immediate level effect of being released 
after the ‘blockbuster’ movie, and specifically one much larger than for the tenth 
highest grosser. We would expect that a blockbuster’s effect is felt both more 
strongly and over a longer duration, thus leading to a lower recovery rate after it’s 
release. For reasons explained in detail later in the paper, we also employed both 
these models in the shorter timeframe of the last decade to explore the size of the 
effects over time.  
Results suggest that while in general it is hard to link the success of a 
movie solely to immediate market conditions, a relationship exists that should at 
minimum be explored further. Results in regards to new releases are inconclusive. 
In both the general viewer fatigue model and the specific blockbuster model, we 
see a relatively small decline in attendance on an opening weekend. Combined 
with the lack of statistical certainty attached to these results, we are hesitant to say 
that box office climate has a strong impact on a new movie’s release, and the 
effect may be negligible.  
Part of the lack of a measured effect may stem from a failure of the 
models to isolate the effects of the immediate climate. The model seems unable to 
fully separate both the consistent growth of movie attendance throughout the 
sample and the tendency of high-performing movies to be clustered together in a 
relatively small share of the weeks of the year. Also, the decision to not consider 
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measures of individual quality of the movie potentially weakens findings. Such 
considerations could be addressed in future work. 
Results of the ‘blockbuster’ model do show a strong level effect in relation 
to all competing movies playing after the release of a blockbuster movie. The size 
and strength of these results, especially in comparison to those of the tenth highest 
grosser, deserve attention. While a movie’s opening may not be subject to the 
power of a blockbuster, a movie’s overall performance seems more susceptible. 
The effective strategy in comparison to this blockbuster movie is not to resist 
opening directly after it, as new movies seem relatively unaffected. The brunt of 
the ‘blockbuster’ effect appears to be on movies released before the blockbuster 
movie came out that are effectively taken out of competition during the end of 
their run when the ‘blockbuster effect’ is strong. 
 
II. KEY INSTITUTIONAL FACTORS 
 Two points need to be addressed in consideration of the topic this paper 
addresses. The first is how the decision of the timing of the release is made. As 
part of this consideration, we need to emphasize that due to expectations of which 
seasons are most profitable, strong movies tend to cluster their releases near each 
other. We can look at the decision of timing a movie’s release as part of both a 
long-term plan and a short-term plan.  
 For the majority of studio movies, before any production efforts are 
undertaken, decisions about market strategy and timing are made in the long-term 
to ensure that green-lit movies have a unique release point. The decision is made 
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as to what seasonal timeframe a movie will reach the public (for example, Fall 
2012).  For non-technically demanding movies, this decision is made around a 
year and a half before the desired release date. For more complex projects 
(typically large budget movies a studio expects to be most profitable), initial 
release decisions can be made anywhere between two and five years in advance. 
Thus, movies are often slated for release in a summer three years ahead of time, 
but that designation still allows for an opening date in a range of about ten weeks. 
Seasonal shifts do occur, but in general studios make efforts to stay within their 
original seasonal plan (Lee and Holt 2006). 
 What needs to be reinforced about this initial seasonal designation is the 
lack of available information. Such decisions are made before a director is hired 
or money is invested in the project, meaning the green lighting of projects occur 
before the quality of it or its future competition is known. A movie will not get 
made if it does not appear in this early stage that it will end up successful or at 
least profitable. Specific adjustments occur only after the majority of the 
investment made in the project (around 70% of the cost of a movie are negative 
costs, or costs incurred before distribution) and has been committed and cannot be 
recovered beyond a successful audience reception.  
 Decisions in the shorter-term (what specific date to release a movie in a 
given season) are made about three months ahead of time on average. Distributors 
have access to stronger information (including about the competition) at this 
point, but their options depend heavily on the results of the long-term plans 
already in effect. If a movie did not develop as expected, the negative cost is still 
7 
 
lost so the movie needs to be released in hopes of realizing a profit. It makes 
logical sense to try and shift this movie away from stronger competition; if a 
blockbuster and a ‘dud’ movie are competing with each other, the ‘dud’ has a 
much smaller chance of catching the casual moviegoer. It is for this reason that 
movies tend to cluster together in terms of relative strength.  
 Certain periods of the year (the early summer and holiday seasons) can be 
shown to be a studio’s best chance to earn large profits(Moul 2004). Because of 
the limit in selection of these ‘good’ weekends, movies of equal quality are forced 
into relative competition with each other around these peak times. While it has 
been shown (Krider and Weinberg 1998) that studios adjust release dates to open 
on different weekends to have as little competition as possible, in an effort to stay 
in peak periods the adjustments are relatively small and mutually beneficial. The 
adjustment makes the blockbuster’s opening weekend easier to ‘win,’ but the 
following weekend harder as fresh competition enters. Thus, a ‘blockbuster’ 
movie is competing most directly with other movies that compare most directly to 
it; slower periods of the year face a lower level of competition as the potential 
reward is smaller. 
In general then, although it cannot be argued that movie release decisions 
are made randomly, there remains enough ambiguity in release timing to make 
this a worthwhile study. The advanced timeframe in which many decisions are 
made suggests that distributors cannot completely adjust to their competition, and 
the desire of film executives to aim for the best possible profit from a movie 
causes them to avoid strong competition only in a direct, singular weekend sense. 
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Considering immediate market timing, including in periods around the release of 
a ‘blockbuster’ is reasonable.  
 The other important point to consider for this study is the method of 
revenue sharing between movie distributors and theater operators. Grosses from 
ticket prices are split between the two parties, and initially heavily favor the 
distributor, who earns up to 95% of the gross on the first weekend(Lee and Holt 
2006). Within a few weeks, this share has shifted to favor the theater that 
continues to show a particular movie. This relationship adds another incentive for 
distributors to heavily promote movies in the opening weeks to earn the maximum 
possible share of the profit. It is for these reasons that focusing on a movie’s 
opening gross, and looking at periods around major releases, provides so much 
value in the intent of this study.  
 
III. DATA 
 Data used in this study was collected from reported United States box 
office results since 1982, compiled for public use by the website www.the-
numbers.com. This start date was selected simply because it is the first year that 
data became reliably available. Basic summary statistics of the raw data can be 
found in Table 1. The raw data is not adjusted for inflation. To compensate for the 
increase in gross as a result of the rise in ticket prices, we chose to adjust by 
dividing ticket gross by the average yearly ticket price released by the MPAA. 
This turns my observations into attendance numbers, which can still be show to 
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have a strong time trend effect (see Figure 1). Year fixed effects are included in 
both models to attempt to control for this yearly growth.  
 The data set itself is extensive and unique. As mentioned before, it lists all 
returns on a per-movie, weekend level, which is a level of observation not 
previously utilized over such an extensive time period nor to subjectively 
compare movies to their immediate competition. The data includes theater counts, 
how long a movie has been in release, the dominant genre, the movie’s 
distributor, and additional information not relevant to this study. One limitation of 
the data is that it lists only weekend results, ignoring any profit earned from 
Monday through Thursday. While a drawback, we still have enough information 
to look at release decisions since the majority of movies are released in order to 
bring in consumers on the weekend. The full data set includes over 90,000 
observations but due to consistency issues (see below) we chose only to use 
14,000. 
 The major concern in regards to the data is the lack of consistency. The 
depth of the data has increased from including only the top 10 weekly results at 
the beginning of the time period to well over 100 every week by the end. The 
differences are highlighted by a few key variables in Table 2, and by the time 
trend graph in Figure 2. When including all movies we see the problems most 
dramatically in regards to theater counts. When the more detailed data is suddenly 
introduced in 1999, the average theater count of a movie falls off. Keeping things 
limited to just the top 10, we see the line continue the trend mostly unaffected. 
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 The options available became to focus on either just this later time period 
with the full data set, or a longer duration while artificially withholding 
observations to those in the weekly top 10. We felt that given the purpose of the 
study, the second option was preferred. While movies in the range of top 11 – 20 
on a given weekend are relevant when available, outside of this point most movies 
are not competing in wide release. Since strategy and range of effect become 
different question when playing on 200 screens rather than 4000, we felt keeping 
the focus on the top 10 was acceptable. 
 When focusing on this top 10 raw data, a few observations merit attention. 
One is the steady change over time in key aspects of the data. In Figures 3 and 4, 
we see how the movie industry has shifted towards a much higher turnover ratio 
over the last 27 years. On the one hand, the amount of new releases has nearly 
doubled from 70 in 1982 to 131 in 2009. So while we once saw one or two new 
movies being released on average per weekend, we can now expect two or three 
new releases on average to crack the top 10. The increase in market entries has 
matched a decline in the duration of time a movie spends in theaters. Figure 4 
shows that movies now average just five weeks in theaters, compared to well over 
two months in the early 1980s. For both data points, the rate of change of these 
trends seems to be leveling off in the past decade. It is the dramatic change over 
time compared to the recent relative consistency that makes looking at just the last 
decade in separate regressions a worthwhile effort.  
 Using the dataset, we can also locate the weekend of release of a certain 
movie’s opening, and examine box office results in the weeks around it, the 
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method employed in the ‘blockbuster’ model.  Figures 5 through 8 display the 
five weeks before and five weeks after a movie’s release, with different lines 
representing box office attendance. In Figure 5, we compare two lines averaged 
across all years (1982 -2009) of the data set relative to the opening of the 
‘blockbuster’ (highest grossing) movie of every year. The line that rises in the 
middle is the attendance at all top 10 movies for each of the 11 weeks; the line 
that drops down shows attendance not including the ‘blockbuster’ movie. Figure 6 
is the same only for the tenth highest grossing movie of every year, and Figures 7 
and 8 compare the trends of the full data set to averages over just the last decade.  
 These graphs tell us a few things. Most importantly, we see just how 
strong an impact the ‘blockbuster’ movie of the year has after its release, taking 
nearly half the share of attendance its opening weekend. It unquestionably takes 
share away from competing movies immediately, and even four weeks after it’s 
release over 20% of those attending the top 10 movies are still seeing the 
‘blockbuster’ movie. In line with initial thoughts, when considering the last 
decade (Figure 7) the effect of a blockbuster is vertically stronger and horizontally 
shorter.   
The effect of the tenth highest grossing movie is much smaller. While it 
still gives a noticeable boost to attendance and breaks from the trend, the effect is 
much smaller and does not come at such a significant decline in competing 
movies attendance. Interestingly the pattern around these movies isolated since 
1999 breaks from the trend. While in the three other sets of lines and time things 
level off after the release of the movie, here attendance levels fall dramatically a 
12 
 
few weeks after its release. In all likelihood this is not a changing pattern but 
evidence that the sample after 2000 is small. 
The movies listed in this 10th highest category include an assortment of 
movies - some that performed at expectations, it also includes many sleeper hits 
like Pulp Fiction, The Blair Witch Project and 300. For this reason I feel the tenth 
highest grossing movies category represent an acceptable control group to 
compare to the blockbuster effect – they are movies that did better than the market 
and would expect some sort of noticeable effect, yet did not overshadow the box 
office as strongly as the blockbusters. (For reference’s sake, Table 3 lists the 
specific movies included in each of these categories. Note that because my data 
stops on December 31, 2009, Avatar is not included as the top-grossing movie of 
2009. Most of Avatar’s performance came in 2010.) 
  
IV. MODEL 
 The models employed in this study attempt to use the power of the data set 
to approach the question of the timing in two different ways. These ways are 
listed below: 
(1) log(openingattend) = β0 + β 1log(lastweek) + β 2genre   
    + β 3bigstudio + β 4time(Year, Month) + u 
 
(2) attendance = β0 + β 1post + β 2wk_post   
   + β 3Time(Year, Month)   + β 4holiday  
   + β 5newreleases + β 6genre + u   
 
The first model looks at the intial question raised: is a movie’s opening 
attendance strongly affected by the results of the immediate box office 
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climate (defined here as the previous weekend)? The second model 
attempts to determine the level effect of the weekend box office in relation 
to the release of a top-grossing movie of the year. 
 Equation 1 uses the logarithmic values for a new movie’s opening 
attendance (openingattend) and last week’s attendance (lastweek) while 
Equation 2 does not. This was done for ease in interpretation of the results. 
The presence of a large valued independent variable in Equation 
1(lastweek) let to tough-to-compare coefficients in relation to the dummy 
variables. Equation 2 has no such large number as an independent variable, 
so we kept the results in terms of pure attendance.  
 Both equations include controls for genre, and year and time fixed 
effects. The second model also controls for a holiday weekend (holiday, 
defined as Presidents Day, July 4th, Thanksgiving, or Christmas) because 
the role of a holiday becomes a larger concern as we limit the observations 
used in the models. The first model uses all 52 weekends every year, while 
the second uses only 20 weekends around the opening of the ‘blockbuster’ 
or tenth highest grosser of the year, which can happen technically on any 
weekend.  
What we would expect to see in Equation 1 is a negative coefficient 
for the log of lastweek, so that the larger last week’s attendance the smaller 
the new movie’s opening. Though this model may be overly simplistic, the 
intent is not to approximate the entire results of box office performance; 
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rather it is to try and show that the immediate climate plays a significant 
enough factor to not be ignored. The control variable bigstudio (whether a 
movie was released by one of the major six studios) is an attempt to allow 
for a bit of a reference to the movie’s quality without getting focusing on 
any specific inputs employed by other studies, so that at some level, this 
factor is acknowledged.   
 The dependent variable in Equation 2 is intentionally given the 
arbitrary name of attendance. This is because, as Figures 5 to 8 show, there 
is a clear effect of a ‘blockbuster’ movie, and it is important to consider 
whether this effect is felt by new movies openings, general box office 
attendance, or both. Thus, in one set of regressions, attendance refers as it 
does in the first model to the opening weekend attendance of a new movie. 
In another set though, it consists of a sum of all movies attended not 
including the movie whose effect were measuring. Thus attendance is 
observed either at the movie-weekend level or just the weekend level, and 
it’s important to remember this distinction when interpreting results.  
 Post is a dummy variable listing whether or not the movie was 
released after the movie in question to measure the negative effect of 
coming out at any point in the time interval after the ‘blockbuster’ or 10th 
highest grosser. Wk_post measures the recovery level after the trend break, 
in either a five(wk_post5) and ten (wk_post10) week timeframe depending 
on the associated label. The adjustment of the first model requires the 
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inclusion of a few additional controls. Additionally I included a variable 
listing the amount of new releases at a later point of revision.  
 
V. RESULTS 
 The regression results of the first model, listed in Table 4, are mixed. 
We see that the coefficient of the log(lastweek) variable is -.1014. It is 
negative as we would expect, and that it has some statistical strength. This 
would appear to be evidence that suggest there is a viewer fatigue effect on 
a new movie’s opening gross over the period of the study. However, further 
exploration suggests that this negative relationship is relatively minor. A 
multi-million person increase in attendance at the box office the week 
before predicts only a few thousand person dropoff in the opening of a new 
movie. When we look at this quantity compared to many of the controls, 
and even the fixed effects of time, this change is both smaller and less 
significant than the other factors.  
 To try and sort through the results a little more clearly, we constructed 
a regression-controlled graph of last weekend’s attendance versus this 
weekends opening gross, shown in Figure 9. This should represent the 
relationship of the two variables independent of outside influences, so that 
if a strong negative pattern was present we could see it visually. Last 
week’s attendance numbers are grouped into ranges of attendance on the 
horizontal axis for ease of interpretation. Here we see there clearly is no 
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negative relationship, and if anything a positive trend is present as 
attendance increases. Any negative effect is confirmed to be minor, and 
only visible in the extreme end of high attendance.  
 I interpret these results to mean that the first model failed to isolate the 
variable of interest. Specifically, the positive trend in Figure 9 is consistent 
with the pattern of attendance we expect to see on a yearly basis. Early 
months of low attendance gradually build off each other until peaking out 
in high extremes around highly attended summer weekends. The model was 
unable to remove all of the effects of yearly clustering of released from the 
attendance numbers, raising the question of if this yearly trend plays such a 
strong role whether it is even appropriate to remove it.  
 More solid results emerge from the second model. Tables 5 through 
10 list the regression results of looking at the effect of both the highest 
grossing and tenth highest grossing movies on new movies, all movies, and 
all movies after 2000 on attendance. We see in Table 5 that the level effect 
of opening in the five weeks after a blockbuster for a new movie suggests a 
loss of around 136,000 in attendance on opening weekend. This number is 
actually half the detrimental level effect related to being the five weeks 
after the tenth highest grossing movies release(a loss of 263,000). 
 An unquestionably unsuccessful wide-release would open today with 
around 1.3 million attendants, earning a box office take of roughly $10 
million. In comparison to this attendance level, the effect show in 
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‘blockbuster’ model is rather dramatic. The problem is, the results fluctuate 
throughout the regressions and rather imprecise, calling into question the 
accuracy of the findings. The post break recovery rate similarly does not 
appear to have a significant relationship with a new movie opening after a 
blockbuster or the tenth highest grosser. 
 These results, while slightly surprising, are in line with those of the 
first model. While there is a negative relationship immediately following a 
highly attended weekend or high grossing movie’s release (which 
admittedly are often the same), the effect on a new movie’s opening is not 
consistent or substantial enough to make any value judgments. While there 
may be a relationship, we cannot conclusively argue an effect exists at all. 
Both models failed to show that a movie’s opening gross relies on the 
immediate market conditions, and this speaks to the power of the film 
industry in successfully launching movies on a weekly basis in spite of 
tough competition.  
 To stop there though would be inconclusive. The graph in Figure 5 
showed how dominant a force the year’s blockbuster is, and to say that it 
had no effect on competing movies would be inaccurate. While we don’t 
see a reliably strong effect on new movies, we do see conclusive results on 
movies in general. Table 6 shows the regression results when considering 
the box office as a whole. The level effect in the five-week interim after a 
blockbuster’s release on the entire remaining  box office attendance, is 
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suggested to be around 1.4 million lost attendees by the model. Even in the 
longer ten-week window, the level effect remains well over 1 million. In 
2009 ticket prices, that is associated with around $7.5 million in lost 
available revenue every week.  
 The measure of recovery hints that this effect may be overestimated in 
longer-term of five weeks and under-estimated in the immediate weeks 
after. The post trend-break recovery measures have coefficients of roughly 
778,000 and 492,000 in the five and ten week time periods, respectively. 
Thus with every week removed from the blockbuster’s release, about half 
of the attendees lost in the level effect return to seeing movies other than 
the blockbuster movie. to competing movies return. Clearly these results 
cannot be taken directly at this logic though, as this would mean that by the 
fifth week, a blockbuster’s release would add around 2 million customers to 
competing movies attendance compared to the time period before its 
release. Rather, the model is overcompensating for the sizable impact in the 
two or three week timeframe after the blockbuster’s release. 
 While the model may try and spread the effect of the blockbuster over 
too long a timeframe, we can use the results of the regression on the tenth 
highest grosser to make some relative judgments. Regressions listed in 
Table 8 show that the level effect of these tenth highest grossing movies is 
roughly half the effect of the blockbuster in both the five and ten week 
intervals when looking at results with the full set of controls. The recovery 
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measure is only a third as strong in the five week interval, but remains half 
as strong in the ten week interval.  
 As expected then, movies in this comparison group did not as 
significantly detriment the box office returns of competing movies. They 
did not have the attention or power of the year’s highest grossing movie, 
which fits in line with the much more muted graph around the opening of 
these movies (Figure 6). Two other observations are that these results are 
less conclusive, meaning that only in the extreme, blockbuster case can it 
be shown with accuracy the impact an individual movie’s release has on 
competitors. Second, the relative strength of the tenth highest grosser in the 
longer time interval adds weight to the argument that although a 
‘blockbuster’ effect might be stronger, its duration is also shorter.  
 We can interpret these results to suggest two important things that 
lead to one potential conclusion for those making release-timing decisions. 
First, opening weekend gross cannot be proven to be affected by the box 
office climate, in part because of the mutually smart opening decisions 
studios make. Second, while the effect of a ‘blockbuster’ movie strongly 
hurts competitors, it is also more reliably sharp in the end of its affect than 
other strong movies. The hype surrounding a blockbuster encourages 
consumers to see it immediately, but it soon becomes an afterthought.  
 Effective timing of a new release then, would be to try and not open 
directly before the blockbuster movie rather than directly after. A movie 
20 
 
that opens after the blockbuster will be fresh as its effect begins to wane. A 
movie that opens before the blockbuster will be in its weakest position (the 
end of its run) just as the blockbuster is in full force, and it these movies 
most likely to lose attendees. These results do not unquestionably support 
this argument; rather, they merely suggest a further exploration of such a 
strategy that should likely include more factors specific to the movie.  
 
VI. CONCLUSION 
 Attempting to model box office returns without consideration for 
individual factors of the movies quality yields only limited insight into an 
explanation. However, results found in this study found that there are 
effects of the immediate box office climate on competing movies 
attendance, specifically in the weeks including and after the opening of a 
blockbuster movie. While the clustering of movies around certain high 
movie attendance periods makes it difficult to isolate any sort of viewer 
fatigue effect, after exploring how release timing objectively affects a 
movies returns, there is no reason to suggest that these factors should not be 
considered in future predictive models.  
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Figure 3
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Figure 4
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Figure 5 
0
5
10
15
20
25
5  before 3 before 1 before 1 after 3 after 5 after
W
e
e
k
e
n
d
 a
tt
e
n
d
a
n
ce
 (
in
 m
il
li
o
n
s)
Weeks Before / After Blockbuster's Opening
Weekend attendance before and after opening of ‘Blockbuster’
Including 'Blockbuster' Excluding 'Blockbuster'
 
27 
Figure 6 
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Figure 8
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Figure 9
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Table 1: Summary Statistics of Data Used in Study 
Variable 
Number of 
Observations 
Mean 
Standard 
Deviation 
Min Max 
permovattnd 14577 1350588 1463016 21.68675 2.21E+07 
bigstudio 14577 0.767442 0.4224773 0 1 
weeksout 14577 16.40454 147.8784 1 3125 
theatercount 14576 1822.563 840.3973 2 4393 
wkndattnd 14577 1.35E+07 5363794 4183574 3.50E+07 
tktprice 14577 4.871536 1.249117 2.94 7.5 
holiday 14577 0.104205 0.3055371 0 1 
            
Genre           
action 14577 0.151197 0.3582532 0 1 
adventure 14577 0.110379 0.3133728 0 1 
comedy 14577 0.308225 0.461776 0 1 
concert 14577 0.002813 0.0529616 0 1 
documentar
y 14577 0.002675 0.0516573 0 1 
drama 14577 0.21287 0.4093502 0 1 
horror 14577 0.055361 0.2286917 0 1 
romantic 14577 0.051931 0.2218956 0 1 
thriller 14577 0.081361 0.2733982 0 1 
 
 
32 
 
Table 1a: Listing of Top Studios in Data Set 
Top 15 Studio Appearances in Dataset 
Rank Studio Name 
Number of 
Observations 
Percent of Total 
Observations 
1 Warner Bros. 2031 13.96 
2 Buena Vista 1884 12.95 
3 Paramount Pictures 1698 11.67 
4 Universal 1696 11.66 
5 Sony Pictures 1680 11.55 
6 20th Century Fox 1571 10.8 
7 MGM 628 4.32 
8 New Line 610 4.19 
9 Miramax 371 2.55 
10 Orion Pictures 343 2.36 
11 Dreamworks SKG 297 2.04 
12 Columbia 290 1.99 
13 Sony/TriStar 182 1.25 
14 Lionsgate 175 1.2 
15 Fox Searchlight 97 0.67 
 
 
 
Table 2: Selected Differences in Sample Means Between Full Data Set and Artificially Limited Top 10 Data Set
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Table 3: Listing of Year, Title, and total gross of movies used in 
secondary Model 
 
Year Blockbuster 10th Highest Grossing Movie 
1982 E.T The Extra Terrestrial Annie 
1983 Star Wars: Return of the Jedi Risky Business 
1984 Beverly Hills Cop Splash 
1985 Back to the Future Spies Like Us 
1986 Top Gun Ferris Bueller’s Day Off 
1987 Three Men and a Baby The Witches of Eastwick 
1988 Rain Man Beetle Juice 
1989 Batman Dead Poets’ Society 
1990 Home Alone Kindergarten Cop 
1991 Terminator 2: Judgment Day 
The Naked Gun 2 ½: The Smell 
of Fear 
1992 Aladdin A League of Their Own 
1993 Jurassic Park Cliffhanger 
1994 Forrest Gump Pulp Fiction 
1995 Toy Story Die Hard: With a Vengeance 
1996 Independence Day A Time to Kill 
1997 Titanic Tomorrow Never Dies 
1998 Saving Private Ryan Patch Adams 
1999 
Star Wars: The Phantom 
Menace 
The Blair Witch Project 
2000 How the Grinch Stole Christmas What Lies Beneath 
2001 
Harry Potter and the Sorcerer’s 
Stone 
Planet of the Apes 
2002 Spiderman Catch Me If You Can 
2003 LOTR: Return of the King Cheaper By The Dozen 
2004 Shrek 2 The Polar Express 
2005 Star Wars: Revenge of the Sith Mr. and Mrs. Smith 
2006 PotC: Dead Man’s Chest The Pursuit of Happyness 
2007 Spiderman 3 300 
2008 The Dark Knight Horton Hears a Who 
2009 
Transformers: Revenge of the 
Fallen 
Monsters Vs. Aliens 
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Table 4: View Fatigue Effect on New Movie Openings, 1982 – 2009 
 (1) (2) (3) (4) (5) 
Log(lastweek) .6678*** 
(.0345) 
-.0518 
(.0581) 
-.0626 
(.0570) 
-.1194* 
(.0561) 
-.1014* 
(.0545) 
bigstudio  
 
 .3311*** 
(.0294) 
.3184*** 
(.0289) 
.3291*** 
(.0283) 
      
New Releases  
 
  -.1556 *** 
(.0133) 
-.1380*** 
(.0131) 
Genre controls     Yes 
Time fixed effects  Yes Yes Yes Yes 
      
R
2
 .1044 .1958 .2362 .2676 .3121 
N 3195 3195 3195 3195 3195 
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Table 5: Level and Recovery Effects of ‘Blockbuster Movie’ on New Movies Opening Weekend, 1982 - 2009 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Post 19,960 
(164,946) 
-115,660 
(354,533) 
-179,743 
(417,278) 
-45,923 
(399,345) 
-163,617 
(378,105) 
213,337 
(211,204) 
166,661 
(203,548) 
34,883 
(190,128) 
Wkpost5  
 
 -23,057 
(92,443) 
43,346 
(91,466) 
41,813 
(89,600) 
   
Wkpost10  
 
    87,895** 
(35,182) 
89,194*** 
(33,754) 
89,891*** 
(33,342) 
         
New Releases  
 
  -737,346*** 
(114,150) 
-743,622*** 
(104,813) 
 -593,967*** 
(68,576) 
-574,158*** 
(64,600) 
Holiday     942,888*** 
(284,567) 
  1,043,054*** 
(273,676) 
         
Genre control     Yes   Yes 
Time fixed effects  Yes Yes Yes Yes Yes Yes Yes 
         
R
2
 .0839 .1858 .1859 .2628 .3536 .2064 .2654 .3303 
N 651 651 651 651 651 1279 1279 1279 
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Table 6: Level and Recovery Effects of 10th Highest Grossing Movie on New Movies Opening Weekend, 1982 - 2009 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Post -322,928 
(166,384) 
-238,144 
(245,892) 
-109,225 
(281,697) 
-2,734 
(271,674) 
-263,447 
(268,324) 
4,062 
(144,724) 
70,790 
(141,259) 
17,776 
(134,855) 
Wkpost5  
 
 79,638 
(95,009) 
12,838 
(92,171) 
22,564 
(90,963) 
   
Wkpost10  
 
    47,586 
(32,736) 
22,829 
(30,723) 
47,634 
(30,177) 
         
New Releases  
 
  -625,868*** 
(104,163) 
-657,618*** 
(98,943) 
 -603,610*** 
(77,552) 
-581,527*** 
(72,331) 
Holiday     813,949*** 
(287,655) 
  728,342*** 
(240,891) 
         
Genre control     Yes   Yes 
Time fixed effects  Yes Yes Yes Yes Yes Yes Yes 
         
R
2
 .0373 .1602 .1613 .2182 .2939 .1666 .2213 .2865 
N 668 668 668 668 668 1248 1248 1248 
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Table 7: Level and Recovery Effects of ‘Blockbuster Movie’ on All Movies in Following Weekend, 1982 - 2009 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Post -597,264 
(477,360) 
-2,493,341*** 
(764,351) 
-851,915 
(584,814) 
-828,769 
(582,027) 
-1,415,113* 
(603,345) 
-573,525 
(488,263) 
-559,676 
(485,830) 
-1,209,145** 
(451,150) 
Wkpost5  
 
 843,549*** 
(196,317) 
837,988*** 
(196,325) 
778,210*** 
(179,430) 
   
Wkpost10  
 
    487,169*** 
(80,831) 
487,228*** 
(80,881) 
492,471*** 
(77,630) 
         
New Releases  
 
  214,947 
(214,223) 
-269,621* 
(104,813) 
 -95,876 
(132,326) 
-276,309* 
(107,326) 
Holiday     5,007,905*** 
(584,822) 
  4,904,778*** 
(482,933) 
         
Genre control     Yes   Yes 
Time fixed effects  Yes Yes Yes Yes Yes Yes Yes 
         
R
2
 .2709 .5818 .6080 .6099 .7395 .6295 .6299 .7274 
N 308 308 308 308 308 588 588 588 
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Table 8: Level and Recovery Effects of 10th Highest Grossing Movie on All Movies in Following Weekend, 1982 - 2009 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Post -745,695 
(557,273) 
-203,082 
(553,157) 
-5,427 
(551,501) 
-5,735 
(550,548) 
-720,548 
(540,735) 
-203,562 
(321,959) 
-212,893 
(322,513) 
-330,744 
(306,420) 
Wkpost5  
 
 156,906 
(192,890) 
174,381 
(192,093) 
255,724 
(163,421) 
   
Wkpost10  
 
    188,361** 
(70,412) 
191,805** 
(69,922) 
237,264*** 
(64,776) 
         
New Releases  
 
  236,364 
(233,779) 
88,666 
(194,678) 
 -131,597 
(137,619) 
140,657 
(125,524) 
Holiday     5,392,858*** 
(794,279) 
  5,204,477*** 
(590,118) 
         
Genre control     Yes   Yes 
Time fixed effects  Yes Yes Yes Yes Yes Yes Yes 
         
R
2
 .1417 .5978 .5988 .6006 .7161 .6042 .6049 .6975 
N 308 308 308 308 308 579 579 579 
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Table 9: Level and Recovery Effects of ‘Blockbuster Movie’ on All Movies in Following Weekend, 2000 - 2009 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Post -1,171,560 
(827,159) 
-5,872,151*** 
(1,576,384) 
1,937,262 
(1,500,728) 
2,109,969 
(1,500,991) 
37,249 
(1,778,800) 
-502,035 
(931,486) 
-501,034 
(933,842) 
-1,104,373 
(900,287) 
Wkpost5  
 
 2,442,126*** 
(457,722) 
2,403,158*** 
(462,344) 
2,047,801*** 
(481,096) 
   
Wkpost10  
 
    1,065,032*** 
(136,121) 
1,068,414*** 
(135,775) 
1,067,864*** 
(128,306) 
         
New Releases  
 
  308,962 
(384,510) 
-108,694 
(381,297) 
 -51,563 
(226,145) 
-45,233 
(207,163) 
Holiday     5,205,877*** 
(1,031,940) 
  4,701,799*** 
(768,503) 
         
Genre control     Yes   Yes 
Time fixed 
effects 
 Yes Yes Yes Yes Yes Yes Yes 
         
R
2
 .0339 .4220 .5406 .5438 .7054 .5718 .5719 .6784 
N 121 121 121 121 121 231 231 231 
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Table 10: Level and Recovery Effects of 10th Highest Grossing Movie on All Movies in Following Weekend, 2000 - 2009 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Post -
3,455,099*
** 
(710,908) 
-1,608,488 
(999,554) 
-2,705,064 
(1,174,995) 
-2,737,555* 
(1,185,686) 
-3,209,434** 
(1,189,424) 
-1,098,435* 
(488,187) 
-1,114,143* 
(477,143) 
-1,117,071* 
(476,906) 
Wkpost5  
 
 -542,287 
(354,507) 
-544,926 
(356,431) 
-327,983 
(315,592) 
   
Wkpost10  
 
    213,598* 
(120,031) 
213,843* 
(120,184) 
308,115** 
(114,865) 
         
New Releases  
 
  -63,576 
(387,741) 
-139,967 
(351,027) 
 -93,880 
(244,373) 
-78,686 
(227,007) 
Holiday     4,457,481*** 
(1,123,147) 
  4,315,409*** 
(854,267) 
         
Genre control     Yes   Yes 
Time fixed effects  Yes Yes Yes Yes Yes Yes Yes 
         
R
2
 .3080 .6128 .6235 .6236 .7290 .5737 .5740 .6474 
N 126 126 126 126 126 232 232 232 
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IX. WRITTEN SUMMARY 
For my Capstone Project, I completed an economic thesis exploring the 
movie industry though box office results. After establishing the context of the 
question, compiling data, and defining a model, I used two economic models to 
see what interpretations could be taken from the data. 
The first step was to establish exactly what I was trying to answer and 
what assumptions therefore needed to be made. I decided to focus mostly on the 
question of whether a movie’s opening weekend box office success depended at 
least partly on the movies that opened around it. I later expanded the frame of 
reference to consider all movies on a given weekend’s dependence on the prior 
weekend. While a lot has been considered about what makes a movie successful, 
the immediate competition has never before been considered, so this unique 
perspective was a highlight of the project.  
To examine this question economically, I needed to establish models that 
would track any relationships. The first model I created simply linked a new 
movie’s attendance to the previous weekend’s total box office attendance. The 
relationship I was looking for here was negative. Ideally, after a weekend where 
more people went to the movies, less people would be expected to go out and see 
a new movie this weekend. The second model took a very different approach, 
looking at the effect of a single movie on a new release.  To look for a big result, I 
used the biggest movie of the year. Again, we would expect some sort of negative 
effect on the likely opening attendance of a new movie, in this case because it was 
trying to compete with an unquestionably popular movie. For comparison, I 
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computed numbers using the 10th highest grossing movie of the year so that there 
could be some reference to how large an impact the big movie had.  
To take any results as valid though, it first had to be shown that there were 
not other inherent relationships. Logic would suggest that, in the case of the 
second model, because movie studios know when likely successful movies are 
being released (think Batman) they will tend to avoid competing for the market 
with these big hits. They would shift their movies away from this release, thus 
statistically making a big movie look like it affects the market more directly than 
it does.  
In reality, the opposite is true, and this makes the model I employed valid. 
Movie distributors know that there are a limited amount of weekends a movie can 
be released on, and some of them are naturally more profitable than others. So 
each major studio has incentive to release a movie it thinks can compete on these 
weekends. Releasing a bad movie on these good weekends leaves a studio 
wasting an opportunity to earn a lot of money. What this all means is that studios 
do not avoid competing with Batman; rather, they see that their best chance to 
earn any money is to put out a movie it thinks will strongly compete. 
One of the most impressive parts of my Capstone was the data. Using a 
website called the-numbers.com, I was able to compile a dataset of the last 25 
years of movie results. It was not a simple matter of downloading the data though; 
I had to create a program to basically go to each page of historical box office data, 
copy the text of that data, then download it in an individual file. Then I pieced 
these 1400 files together to create the data set I used. 
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The data set itself was impressive: it consisted of over 90,000 entries, 
although due to a lack of consistency over time, I used only around 15,000 of 
them. Variables available included a movie’s name, the studio that produced it, 
the genre of the movie, its weekend gross, how many theaters it played in, its total 
gross, and how long the movie had been in theaters. I added in yearly average 
ticket prices released by the MPAA. Dividing how much the movie made by the 
yearly ticket price gives us an approximate measure of attendance, which helps us 
avoid the effect of inflation over the period of time I looked at.  
One of the interesting things that emerged from exploring the data was 
how significantly the movie industry has changed over time. The trends that stood 
out the most was the doubling of new releases compared to the sharp drop in a 
movie’s average time spent in theaters. The influx of nearly twice the market 
competitors that we saw in 1992 has forced movies to try and earn profits over a 
smaller window – there’s less time before the next big movie comes out then there 
used to be. My model could therefore have very different results ten years from 
now.  
After preparing the data set (finding and correcting errors or missing 
information) I used my models to test for a relationship. What we see is that the 
immediate market (whether it’s a blockbuster weekend or just a weekend in 
general) cannot be proven to cause a major problem in a movie’s opening results. 
We see negative effects associated with being released after a blockbuster, but 
this effect is relatively small (a drop of around 50,000 attendees, compare to the 
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millions of attendees a new movie gets) and statistically not strong enough to 
support an argument. 
My models did find that the box office in general is strongly affected by 
conditions, in particular immediately after the release of the highest grossing 
movie of the year. Though shared between all movies, the loss associated with 
weekend performance just after this blockbuster movie is nearly 1 million 
attendees compared to a similar week just beforehand. In today’s ticket prices, 
that’s a loss of nearly $10 million in revenue for competing movies that can be 
show has happened consistently over the period of study. 
The meaning of this information for my initial question is that it would 
seem the best strategy for a movie is to not open directly before a movie expected 
to do very well. While one might think it is advantageous to the beat such a movie 
to the market, there really is not enough proof to show that coming out afterwards 
hampers your results. Instead, if released before the blockbuster, while initially 
against weaker competition, a movie will soon become yesterday’s news in 
comparison to the big movie and will experience a sharp drop off in revenue.  
 
